Introduction
In this paper, we test a serie of parametric models for count data that allow for overdispersion along more than one dimension. We test our models on absenteeism linked employer-employee data from the most recent version of Statistics Canada Workplace and Employee Survey 2003. While linked employer-employee data sets are becoming more and more available (see Abowd and Kramarz (1999) ) and many dependent variables that are of interest to economists (e.g. days of vacations, days of absenteeism, days of training, number of job offers) take the form of a count, we know of no count data parametric application that takes into account overdispersion at both the employee and employer levels.
We propose a new parametric model which can account for observable and unobservable characteristics of both firms and employees. The extension adds a random employee effect to the firm random effect of the negative binomial model.
The potential gain of using parametric models is an increase in efficiency when the specific parametric assumptions are not rejected. One caveat is that, in order to estimate the model providing the best fit, the employer and employee effects need to be nested. Linked employer-employee data fitting this description would be the Workplace and Employee Survey from Statistics Canada or the Workplace Employee Relations Survey from Britain. We show this model peforms better than popular alternatives to the Poisson model like the negative binomial model or the negative binomial model with random effects as proposed by Hausman, Hall, and Griliches (1984) . Our other main finding is that the impact of the wage rate on absenteeism is greatly underestimated when using models that do not correctly take into account the characteristics of the data. We also show that the model performs very well by ruling out any significant correlation between the residuals andβX ij or exp β X ij .
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In the next section, we jump directly to the empirical specification and discuss the data in Section 3. In Section 4, we provide a detailed assessment of the goodness of fit of each model and thoroughly discuss the coefficient estimates in the context of the absenteeism literature. A brief conclusion follows.
Empirical specification
We use an econometric model to evaluate the absenteeism probabilities for employees within firms. Our dependent variable is a count of days of absenteeism by a particular individual in a given year.
1 Absenteeism can be explained by both individual and firm characteristics that are observable and unobservable.
We eschew the simple Poisson model that does not perform well in our setting. We thus use, as our base model for the firm effect, the traditional negative binomial model (Gouriéroux, Monfort, and Trognon (1984) ) and test its performance against two other more sophisticated alternatives. The first alternative is the random effect negative binomial model as developed by Hausman, Hall, and Griliches (1984) . The second alternative (that we call 'Full model') extends Angers, Desjardins, Dionne, and Guertin (2006) to capture both worker and firm unobserved heterogeneity. We describe each model below.
The negative binomial (NB) model
Let y ij be the number of days of absenteeism for employee i in firm j. The basic
Poisson model is
where
with λ ij > 0. λ ij controls for the observed employee-employer heterogeneity.
We first consider unobserved firm heterogeneity.
One can introduce unobserved firm heterogeneity in the Poisson model in a multiplicative form through λ ij . If we write
with γ ij = exp(βX ij ) and assume that ψ j follows a gamma distribution with parameters δ −1 , δ −1 , we obtain the standard negative binomial model with parameters δ −1 , δ −1 /γ ij . ψ j can be interpreted as a workplace effect and could represent safety-risk specific to the workplace that affects the absence decisions of all its workers similarly. Note in this model that
The δ parameter captures unobserved firm heterogeneity by introducing overdispersion. As is the case with traditional panel data analysis, this model might be inadequate because it does not capture the potential persistence of the firm effect when there are many employees in a given workplace. One way to solve this problem is by adding an additional source of randomness.
NB model with firm random effects
Now, assume y ij follows a negative binomial distribution with parameters γ ij , δ j where
The typical random effects (RE) negative binomial model follows from the assumption that δj 1+δj is distributed as a beta distribution with parameters (a, b).
The unconditional expressions for the expectation and variance become
This setup adapts the model of Hausman, Hall, and Griliches (1984) , proposed for panel data, to workplace heterogeneity. Here, instead of having repeated observations on individuals over time, we have repeated observations of workplace characteristics over all sampled employees. Many of these characteristics are observable, but other are not.
However, it is not clear that this reinterpretation of Hausman, Hall, and Griliches (1984) is sufficient for our purpose because it does not take into account employee unobserved heterogeneity. In applications to panel data, repetitions are for the same subject over time. These repeated observations are almost interchangeable over time, and time varies in the same way for all observations.
In our setting where we observe repeated workplace characteristics over employees, this means that the NB model with random effects implicitly assumes that workplaces are interchangeable and come from the same population. But in our empirical application, the relation between the firm and the worker may be more complex in the sense that these actions or events may also be affected by unobserved worker heterogeneity. Therefore, we propose another generalization of the NB model that integrates both workplace and worker unobserved heterogeneity.
Model with workplace and worker effects
We now use the following parameterization for λ ij
with
Parameter ψ j is still the random effect associated with firm j; that is, unobservable heterogeneity related to firm j and affecting the absenteeism decisions of its employees. θ ij is the random effect of employee i in firm j and represents unobserved heterogeneity at the individual level. Here we assume that the random effects are nested (we do not observe employees moving from firm to firm) in accordance with the structure of the data set we are using for the estimation.
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Within each firm, we assume that
where E j is the total number of employees sampled from firm j. We assume (to obtain a parametric model) that θ ij follows a Dirichlet parametric distribution ν 1 , ν 2 , ..., ν Ej and that ψ j follows a gamma parametric distribution with parameters (E j τ j , τ j ). This parametrization makes it possible to obtain an average workplace effect that increases with the number of workers in the firm.
With these assumptions, we have that
For a firm j with E j employees, the joint distribution of weeks of absenteeism is given by
where, from equation (10), we have
The conditional density is written as
If we integrate out the firm effect ψ j , we obtain a Dirichlet compound multinomial (Johnson and Kotz (1969) ) distribution for the number of weeks of absenteeism whose joint conditional distribution is equal to
If we substitute for this multivariate density in (13) and if we assume that the worker effects follow a Dirichlet distribution with parameters ν 1 , ..., ν Ej , we
In order to solve this equation, one must find the solution to the multidimensional integral in (17). Following Angers, Desjardins, Dionne, and Guertin (2006), we approximate it through the use a hypergeometric function. We could also use Monte-Carlo approximation.
Estimation
To estimate the statistical model with the hypergeometric approximation, we make the simplifying assumption that it is possible to separate the workers into two groups (for example) and define G 1 = 1, ..., g as all the workers in the first group with
and G 2 = g + 1, ..., E j as all the workers in the second group with
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The integral of equation (17) thus becomes
If we define
then we can rewrite equation (20) and substitute it in equation (17) to obtain an approximation for the distribution of the number of days of absence in
9 Pr y 1j , ..., y Ej j |γ 1j , ..., γ Ej j
where 2 F 1 is the hypergeometric function. It should be noted that this procedure for estimating the integral can be generalized to several homogeneous groups, but it is not obvious that the precision gained would be greater. Indeed, Angers, Desjardins, Dionne, and Guertin (2006) show that the two-group approximation yields results very similar to a Monte Carlo approximation of the multivariate integral of equation (20).
Data
We use data from the Workplace and Employee Survey (WES) 2003 conducted by Statistics Canada. The survey is both longitudinal and linked in that it documents the characteristics of the workers and of the workplaces over time.
The target population for the "workplace" component of the survey is defined as the collection of all Canadian establishments who had paid employees in
March of the year of the survey, excluding Yukon, the Northwest territories and Nunavut. 3 For the "employee" component, the target population is the collection of all employees working, or on paid leave, in the workplace target population.
The sample for the workplaces comes from the "Business registry" of Statistics Canada which contains information on every business operating in Canada.
Employees are then sampled from an employees list provided by the selected workplaces. For every workplace, a maximum of twenty-four employees are selected, and for establishments with less than four employees, all employees are sampled. In the case of total non-response, respondents are withdrawn entirely from the survey and sampling weights are recalculated in order to preserve representativeness of the sample.
WES selects new employees in odd years. For workplaces, the initial 1999 sample is followed over time and is supplemented at two-year intervals with a sample of births selected from units added to the Business Register since the last survey occasion. In order to control for the design effect in our estimations, we use the final sampling weights for employees as recommended by Statistics Canada.
In 1999, workplace data were collected in person; subsequent workplace surveys were conducted by means of computer assisted telephone interviews. For the employee component, telephone interviews were conducted with individuals who had agreed to participate in the survey by filling out and posting an employee participation form.
Individuals who did no work throughout the year are included but we control for their limited exposure to the risk of being absent in our regression framework.
Finally, we drop workers who were absent for more than fifty days of work in 3 Establishments operating in fisheries, agriculture and cattle farming are also excluded.
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The rich structure of the data set allows us to control for a variety of factors determining absenteeism decisions. From the worker questionnaire, we are able to extract detailed demographic characteristics including measures of health, human capital, and income from other sources. Moreover, we use detailed explanatory variables on the employment contract including wage and contracted hours. From the workplace questionnaire, we are able to construct firm size indicators and build measures of layoff and vacancy rates. Finally, our regressions include industry (13) and occupation (6) dummies.
Summary statistics on all explanatory variables are presented in Table 1 for the dependent variable, Table 2 for the employees and Table 3 for the employers.
Note that the number of weeks absent in Table 1 refers to a five day workweek.
Thus zero means the worker was absent less than five days during a year.
Results
We first discuss which model should be preferred in terms of goodness of fit and then turn to coefficient estimates and their relation to absence decisions. Table 6 provides several traditional measures for goodness of fit that allow comparisons of the three models. First, note that the Full model yields the highest value for the likelihood function. Likelihood ratio tests also reject simpler models in favor of the Full specification. It should be noted, however, that these models are not nested.
Goodness of fit
Since it is always possible to increase the goodness of fit of the model by increasing the number of parameters, therefore, we also computed the BIC (= −2 ln L + k ln (N )) and AIC (= −2 ln L + 2k) where ln L is the value of the log-likelihood function, k the number of parameters, and N the number of observations. Both the BIC and AIC favor the Full model and this conclusion holds even for non-nested models. Hausman, Hall, and Griliches (1984) argue that a good econometric random effect model for count data should also yield estimates so that computed residuals are orthogonal toβX ij and exp β X ij . We test for the presence of such correlations with two types of residuals. First, we define the raw residuals as
Next, we define the Pearson residuals as
Using the above definitions, we have the following formulas for the residuals of each model. For the negative binomial model, we have
For the random effect negative binomial model, we can compute
Finally, for the Full model, one can verify that
. (34) For both types of residuals, we test whether they are significantly correlated with both γ ij = exp(βX ij ) andβX ij .
We note that, in this respect, both the negative binomial and the Full models perform well, and we can rule out a statistically significant correlation between either the raw and Pearson residuals and exp(βX ij ) orβX ij . However, our adaptation of the negative binomial model with random effects as proposed by Hausman, Hall, and Griliches (1984) performs especially badly, even though it provides a better fit for the data than the simple binomial negative model.
One possible explanation of this negative result may be linked to the implicit assumption that the random workplace effect is not nested with the worker effect and is assumed to be interchangeable for all workers whatever the characteristics of the firm, such as size. This implicit assumption does not hold in the simple negative binomial model where the workplace effect is taken into account by a single common parameter.
Determinants of absence
It is very interesting to look at absenteeism decisions for several reasons. The first main reason is that despite its rising frequency and associated cost (Akyeampong (2005)), there are relatively few studies on the determinants of absenteeism. The second is that it is pretty straightforward to obtain theoretical 14 predictions with respect to many variables of interest using the typical labor supply framework. In fact, it is relatively easy to show that, following the maximization of a utility function with respect to budget and time constraints, absences should decrease with wages and increase with both non-labor income and contracted hours. Absences should also decrease with their cost (other than wages) (Hausman (1980); Blomquist (1983) ; Dionne and Dostie (2007)).
These predictions have been tested with mixed success by a variety of studies.
In one of the first study on the topic, Allen (1981) uses the 1972-73 Quality of Employment Survey and obtains results that validate the theoretical predictions except for a positive non-labor income effect. Although the estimated wage effect is negative, it is too low to make it realistic for workplaces to use wage increases to diminish absences.
In part because of this finding, there have been relatively few studies that focused on the core predictions of the labor-leisure model and many studies instead tried to find more important determinants of absences. For example Wilson and Peel (1991) have data on a sample of 52 firms in the engineering and metal industry in the United Kingdom and focus mainly on the impact of profit-sharing and other forms of employee participation. Drago and Wooden (1992) work on a sample of 15 firms from the U.S., Canada, and New-Zealand but focus on workgroup cohesion. Vistnes (1997) uses the 1987 National Medical Expenditure Survey and does look at the traditionnal economic determinants but finds that health is a better predictor of absence than the typical economic predictors. She also finds that, in the case of women, having kids of pre-school age also leads to more absences.
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More recent studies have tried to get better estimates to test the real importance of economic determinants on absences. This is the case with Barmby Turning to our results, we find that all our coefficient estimates match the predictions from the theoretical model of Dionne and Dostie (2007) for example.
We find a negative impact of wages and positive impacts for both contracted hours and non-labor income although the last two effects are pretty small. Since we use log wages as an explanatory variable, the coefficient can be interpreted directely as the elasticity of days of absence with respect to wages. The estimated coefficient (−0.11) thus implies that workplaces have considerable leverage in diminishing absences through wage increases.
Unfortunately, our measures for the cost of absence are not statistically significant. In the literature, the cost of absenteeism is usually related to an increased likelihood of being fired or being passed up for promotion. Therefore, we settle on an indicator of the layoff rate (defined as the number of workers laid off in the past year divided by average employment) and the vacancy rate (defined as the number of positions available in the firm divided by average employment). These variables are interpreted as indicating the willingness of the workplace to use layoffs as a way to discipline employees. For example, if the vacancy rate is high, the employer might be reluctant to fire employees even if they misbehave.
It should be noted that using a model that does not take into account unobserved heterogeneity at both the worker and workplace levels leads to biases in the estimates. For example, this is especially the case for wages where the estimated impact is positive in both the simple binomial negative model and binomial negative model with random effects. We also observe that some parameters for explanatory varibles at the workplace level become significant in the NB model with random effects such as layoff rate and the indicator variable for workplaces with 100−499 employees. This may be explained by the observed correlation between the computed residuals and exp(βX ij ) orβX ij .
Among other results of interest, we find that higher absences are related with being a women, being in worse health (measured as the presence of activity limitations), and having more numerous pre-school aged kids (for both gender).
Also noteworthy is that we find, in the Full model, no impact of race, workplace size (as measured by the number of employees) and no consistent relation with education.
Conclusion
We estimate two extensions to the standard negative binomial model for linked employer-employee count data. We find that a parametric model that incorporates both worker and workplace unobserved heterogeneity (the Full model) provides a better fit for the data than both the simple binomial negative model and a binomial negative model modified to incorporate random effects along the lines of Hausman, Hall, and Griliches (1984) . This improvement is not obtained at the cost of a higher correlation between the residuals and predicted values for the dependent variable.
Turning to the economic results, we find that both characteristics of the labor contract and demographic characteristics of the individual are important predictors of absence. This is particularly the case for the wage rate and demographic characteristics such as gender (women), the number of pre-school aged kids and health.
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As an extension, it would be useful to modify the model in order to be able to estimate it on panel data. The use of panel data would allow separate identification of the worker and workplace effects that is not dependant on the parametric assumptions. 
